Background
==========

Hepatocellular carcinoma (HCC) is ranked fourth in terms of global cancer mortality according to the latest global cancer statistics, causing approximately 781 000 deaths in 2018 (accounting for 8.2% of all cancers) \[[@b1-medscimonit-26-e920854]\]. HCC is the main cause of liver cancer; it has very poor prognosis and average survival rates, as patients with HCC are often already at intermediate or advanced stages before clinical diagnosis. Many factors are responsible for HCC progression, including alcohol addiction, nonalcoholic fatty liver disease, and hepatitis C virus (HCV) \[[@b2-medscimonit-26-e920854],[@b3-medscimonit-26-e920854]\]. It is noteworthy that cirrhosis is the primary cause of HCC progression. HCV can induce acute and chronic infections, which can eventually develop into liver cirrhosis and HCC. This suggests that the clearance of hepatitis viral infections in HCC development is an effective strategy to prevent HCC progression.

Surgical resection, radiofrequency ablation, and liver transplantation are still the primary treatment options for HCC. However, HCC is frequently prone to recurrence, and end-stage patients have shorter survival times than those at early stage. Therefore, it is necessary to understand the potential mechanism of HCC. During the process of HCC, abnormal transcriptional regulation is initiated, thus promoting the expression of cancer-promoting genes. Transcriptomics has recently become important in HCC research and, due to the advantages of multi-omics approaches, it is an effective strategy to understand the mechanism behind HCC onset. In clinical HCC practice, traditional diagnostic methods, such as serum alpha-fetoprotein (AFP) combined with imaging techniques like computed tomography (CT), have limited sensitivity, and there are few effective biomarkers for use in HCC clinical diagnosis. Therefore, it is important to screen desirable biomarkers of HCC. Previous studies used bioinformatics analysis to identify PTK7 as a potential biomarker in HCC, and showed that PKM2 and ALDH1A2 are involved in sex and metabolism \[[@b4-medscimonit-26-e920854]--[@b6-medscimonit-26-e920854]\]. Use of data mining and analysis show promise in identifying the potential biomarkers in HCC and improving clinical outcomes.

Weighted gene co-expression network analysis (WGCNA) is an advanced method used to construct a co-expression module to screen the hub genes, microRNAs (miRNAs), and lncRNAs (long non-coding RNAs) using microarray or RNA sequencing data \[[@b7-medscimonit-26-e920854]--[@b10-medscimonit-26-e920854]\]. WGCNA classifies the genes that display similar expression patterns into a module which correlates with various clinical traits, first by computing the correlation coefficients for paired genes, then by constructing an adjacency matrix to calculate the strength within genes. Finally, the hub genes are identified based on the weighted index.

In the present study, we constructed a co-expression network within genes by employing the WGCNA method to analyze microarray data, aiming to identify key modules and hub genes related to clinical traits. The blue module is highly correlated with advanced HCC and is enriched in cell cycle, as shown by GO and KEGG analysis. Next, we validated the gene significance and expression in the blue module by using The Cancer Genome Atlas (TCGA) and Oncomine platform, and only 4 genes remained. Then, we performed single-sample gene set enrichment analysis (ssGSEA) to determine the correlations between hub genes and immune infiltration. Finally, the GSEA method was used to determine the potentially involved pathways.

Material and Methods
====================

Data sources and preprocessing
------------------------------

The data used in the present study were derived from 2 sources. First, he data selection criteria were as follows: (1) all datasets were genome-wide; (2) the numbers of samples in each group must be ≥10; (3) the samples of each data set must include cancer patients with various stages and clinical traits. Based on the above criteria, we finally selected GSE54238 for subsequent analysis \[[@b11-medscimonit-26-e920854]\]. Second, the raw counts and clinical traits were obtained from the TCGA database (*<https://cancergenome.nih.gov/>*). Data preprocessing was performed as follows: a) Raw counts for each gene from RNA-seq. GENCODE27 was used to match Ensemble ID for genes to generate Gene Symbol names. b) Counts data normalization. Briefly, the R package "DESeq2" was used to normalize across samples and transform the count data by the variance Stabilizing Transformation function.

WGCNA
-----

First, samples were checked to eliminate the outlier samples and genes. Next, the WGCNA (version 1.67, *<https://cran.r-project.org/web/packages/WGCNA/index.html>*) was applied to screen the target module related to HCC. The soft threshold power was calculated to obtain a relative satisfying scale independence (\>0.85) \[[@b12-medscimonit-26-e920854]\]. The co-expression networks were then developed, and the modules highly correlated with HCC progression were focused on. Modules should be constructed with at least 30 genes. Finally, the genes corresponding to the modules were extracted using the following criterion: absolute value of MM (module membership) ≥0.8 and absolute value of GS (gene significance), with advanced HCC ≥0.2.

Selection of prognosis-related genes
------------------------------------

These genes were then used to perform GO and KEGG pathway analysis using the R package "clusterProfiler" \[[@b13-medscimonit-26-e920854],[@b14-medscimonit-26-e920854]\]. The results were summarized and visualized by setting out the condition of *P*\<0.05 after correction.

Cox regression analysis, also called proportional hazards regression analysis, is a survival analysis model used to analyze the relationship between certain features (e.g., gene expression and clinical traits) and survival time. We assessed prognosis-related genes using univariate Cox proportional hazards regression analysis. Statistically significant genes (*P*\<0.05) were then retained as hub genes for further analysis.

Hub genes validation and Kaplan-Meier survival analysis
-------------------------------------------------------

The mRNA expression of 5 hub genes was investigated in liver cancer using the Oncomine platform (*<https://www.oncomine.org>*) and TCGA database \[[@b15-medscimonit-26-e920854],[@b16-medscimonit-26-e920854]\]. The hub genes were eliminated if there was inconsistency between the mRNA expression of hub genes in the Oncomine platform and the TCGA database. Differences in *p* values between the cancer tissue group and the normal group were assessed by *t* test. For survival analysis, R package "survival" was used to implement log-rank tests, and Kaplan-Meier survival curves were visualized using the R package "survminer".

Analysis of the relationship between hub genes and immune cells
---------------------------------------------------------------

Briefly, ssGSEA method in R package "gsva" was employed to analyze the infiltration levels of immune cell types \[[@b17-medscimonit-26-e920854]\]. First, we calculated the infiltration levels of TCGA LIHC samples. Then, the relationships between immune cells and gene expression were analyzed by "Spearman" method. R package "pheatmap" and "ggplot2" were used to visualize the results.

Pathway enrichment analysis
---------------------------

In brief, we sorted and divided the samples into a high-expression group (expression value \>median value) and a low-expression group (expression value ≤median value) according to the indicated gene expression. Then, h.all.v6.2.symbols.gmt datasets were obtained from the GSEA website (*<http://software.broadinstitute.org/gsea/index.jsp>*). Analysis was performed using the R package "GSEABase" and "clusterProfiler" and plotted using the R package "enrichplot". The pathways with the top 4 enrichment scores were presented.

Results
=======

Construction of co-expression modules
-------------------------------------

We first assessed the soft threshold power and found that when the soft threshold power was 8 (as shown in [Supplementary Figure 1A](#s1-medscimonit-26-e920854){ref-type="supplementary-material"}), scale-free networks were successfully constructed with independence degree up to 0.877 and an average connectivity of 28.10. The cluster trees and modules indicated by the different colors are presented in [Supplementary Figure 1B](#s1-medscimonit-26-e920854){ref-type="supplementary-material"}. We also provide detailed information on gene numbers corresponding to each module in [Table 1](#t1-medscimonit-26-e920854){ref-type="table"}.

Determination of relevant modules related to clinical traits
------------------------------------------------------------

We next sought to assess the relationship between modules and clinical features. As shown in [Figure 1](#f1-medscimonit-26-e920854){ref-type="fig"}, we discovered that several modules were tightly correlated with HCC progression. For example, blue and red modules had obvious positive correlation with advanced HCC (R^2^=0.59, 0.63 and *P*=3e-04, 9e-05, respectively) and negative correlation with the normal group (R^2^=−0.89, −0.42 and *P*=7e-12, 0.02, respectively). In contrast, the turquoise module was negatively associated with advanced HCC. Hence, we selected the blue and red modules for subsequent analysis.

Functional annotation and selection of hub genes
------------------------------------------------

The hub genes were selected as follows: absolute value of MM ≥0.8 and absolute value of GS. advanced HCC ≥0.2. Hence, we preliminarily selected 176 candidate genes in the blue module (in the red module, only 1 gene satisfied the above conditions, so we ignored it) (details shown in [Figure 2A](#f2-medscimonit-26-e920854){ref-type="fig"}). At the same time, we performed GO and KEEG pathway analyses ([Figure 2B, 2C](#f2-medscimonit-26-e920854){ref-type="fig"}). The results indicated that it is dramatically involved in cell cycle and DNA replication. In line with the KEEG pathway analysis, GO analysis also revealed that the biological process (BP) of the blue module is related to cell cycle checkpoint, mitotic nuclear division, and mitotic sister chromatid segregation. These results suggest that cell cycle dysfunction is the cause of tumorigenesis in HCC.

Validation of hub genes
-----------------------

To further screen hub genes, we first performed univariate Cox PHR analyses by using the expression and clinical traits originated from the TCGA database. The results revealed that only 5 candidate genes (PFKP, SOX4, STK39, TARBP1, and TDRKH) were predictive factors for survival ([Table 2](#t2-medscimonit-26-e920854){ref-type="table"}). Subsequently, we assessed whether the expression levels of the 5 candidate genes were different between the tumor group and the normal group. As indicated in [Figure 3A](#f3-medscimonit-26-e920854){ref-type="fig"}, we found that all 5 candidate genes were overexpressed in the tumor group in the TCGA database. The mRNA expression of the 5 hub genes in HCC was simultaneously investigated using the Oncomine online database ([Figure 3B](#f3-medscimonit-26-e920854){ref-type="fig"}). Consistent with expression patterns found in the TCGA database, SOX4/STK39/TARBP1/TDRKH were all overexpressed in the tumor group. Unexpectedly, the data revealed that PFKP showed no significant alternation between the normal group and the HCC group. Therefore, we excluded PFKP as a hub gene due to the inconsistencies between databases. We also assessed the relationship between methylation degree and mRNA level by using the cBioPortal online website (*<https://www.cbioportal.org/>*), showing that there was no significant relationship (data not presented).

Survival analysis indicated that overexpression of SOX4 and STK39 was associated with shorter overall survival time ([Figure 4A](#f4-medscimonit-26-e920854){ref-type="fig"}). In contrast, overexpression of TARBP1 and TDRKH is significantly associated with longer overall survival time. The ROC curve analysis suggested that SOX4, STK39, TARBP1, and TDRKH have good power in diagnosing HCC, and TARBP1 performed the best (AUC=0.956), which was nearly equal to the combined power of the other 4 genes ([Figure 4B](#f4-medscimonit-26-e920854){ref-type="fig"}).

Relationship between expression of hub genes and immune infiltration level
--------------------------------------------------------------------------

Immune cell populations infiltration has an impact on cancer progression; therefore, we investigated whether the expression of hub genes was correlated with immune infiltration in liver cancer. Our results indicated that the 4 hub genes had all showed significant correlations with infiltrating levels of immune cells ([Figure 5A, 5B](#f5-medscimonit-26-e920854){ref-type="fig"}). For example, TDRKH expression was positively correlated with infiltrating levels of Th2 cells, T helper cells, and Tcm. TDRKH expression had negative correlations with infiltrating levels of neutrophils and NK CD56dim cells. We found similar results for other 3 hub genes. These results suggest that SOX4, STK39, TARBP1, and TDRKH play a vital role in immune infiltration in liver cancer.

Molecular characterization for hub genes
----------------------------------------

For further potential molecular characterization of hub genes in hepatocellular carcinoma, we performed GSEA analysis using the median value of SOX4/STK39/TARBP1/TDRKH expression to divide patients into SOX4/STK39/TARBP1/TDRKH^high^ groups and SOX4/STK39/TARBP1/TDRKH^low^ groups. In relatively highly expressed SOX4 samples, we found that multiple pathways were enriched, such as angiogenesis, E2F targets, epithelial-mesenchymal transition, and G2M checkpoint, and were significantly correlated with tumorigenesis of HCC ([Figure 6A](#f6-medscimonit-26-e920854){ref-type="fig"}). Similarly, we found that STK39 is associated with adipogenesis and coagulation ([Figure 6B](#f6-medscimonit-26-e920854){ref-type="fig"}), but we also observed that in relatively highly expressed TARBP1 samples, pathways such as epithelial-mesenchymal transition were negatively correlated ([Figure 6C](#f6-medscimonit-26-e920854){ref-type="fig"}). Similarly, we found that in relatively highly-expressed TRDKH samples, the inflammation pathway was enriched ([Figure 6D](#f6-medscimonit-26-e920854){ref-type="fig"}). GSEA analysis showed that SOX4/STK39/TARBP1/TDRKH participate in different pathways related to HCC tumorigenesis.

Discussion
==========

Tumorigenesis is a complex process involving numerous levels of transcriptional regulation. The main purposes of this study were to investigate the molecular characterization of HCC onset and to identify a series of meaningful biomarkers of HCC relevant to tumorigenesis by constructing a co-expression network within genes. The key modules correlated with different stages of HCC. Then, the hub genes were validated using 4 different methods (survival analysis, Cox PHR, expression level, ROC) in the TCGA database.

WGCNA links gene expression information with clinical traits in the sample. In the present study, WGCNA was used to identify modules related to the initiation of HCC. Our research revealed that the modules displayed significant alternations included in the blue, red, and turquoise modules. It is widely accepted that the cell cycle, which is the process of cell progression and division, plays a critical role in tumorigenesis. A series of kinases are used by cells to dominate the steps in the cell cycle. Once the cell cycle is out of control, uncontrolled cell proliferation occurs. Hence, it is apparent that manipulation of the cell cycle might be an effective method to treat cancer, especially the cell cycle checkpoint \[[@b18-medscimonit-26-e920854]--[@b20-medscimonit-26-e920854]\]. Consistent with previous research, our study also discovered that the cell-cycle-related blue module changed dramatically, and the alternations strengthened, especially in advanced HCC stages. All this indicates that the abnormal cell cycle-associated pathways participate in HCC tumorigenesis.

In this study, using WGCNA analysis, we found that blue and red modules had the strongest correlation with tumor status. Next, we found 176 candidate genes according to module membership and gene significance. Then, we performed univariate Cox PHR analyses to obtain only 5 genes. Finally, we validated the expression of these 5 hub genes using the Oncomine platform, and 1 hub gene was excluded. We finally identified 4 genes correlated with the initiation and development of HCC -- SOX4, STK39, TARBP1, and TDRKH. Among these 4 genes, SOX4, which is a member of the SOX transcriptional factor family, has been proved to play a crucial role in tumor progression and poor clinical outcome in several cancers \[[@b21-medscimonit-26-e920854]--[@b24-medscimonit-26-e920854]\]. In the present study, our research indicated that SOX4 is also overexpressed in HCC, and GSEA analysis suggested that SOX4 participates in angiogenesis, E2F targets, and epithelial-mesenchymal transition. In line with our analysis, previous studies have proved that SOX4 can promote epithelial-mesenchymal transition via activating the TGF-β pathway and can encode EGFR expression as a direct transcriptional factor \[[@b24-medscimonit-26-e920854],[@b25-medscimonit-26-e920854]\]. Meanwhile, our research suggested that SOX4 expression is correlated with diverse immune infiltration levels. The results demonstrated that SOX4 expression had a weak-to-moderate relationship with neutrophils and DC. STK39 has been reported to be overexpressed in multiple cancers, including osteosarcoma and non-small cell type lung cancer (NSCLC) \[[@b26-medscimonit-26-e920854],[@b27-medscimonit-26-e920854]\], but it is unclear whether STK39 expression is associated with HCC progression. Several studies have shown that TARBP1 is overexpressed in non-small-cell lung cancer (NSCLC) and HCC \[[@b28-medscimonit-26-e920854],[@b29-medscimonit-26-e920854]\], but these studies did not reveal specific mechanisms related to TARBP1. In our present study, using GSEA analysis, we also analyzed the potential pathway involved and found that multiple pathways such as epithelial-mesenchymal transition involve the 4 hub genes leading to progression of HCC. In summary, our study provides clues regarding the biological roles and molecular characterization of these genes.

Our study has several limitations. First, the expression of hub genes and the accuracy of the risk prediction capability have not been validated in a large sample of clinical specimens. We hope to obtain more patients and tissues for future validation. Secondly, the specific functions of the 4 genes in HCC were still missing, even though the molecular characterization for hub genes were predicted, and we still need to perform experiments to explore this in the future. In addition, single-gene expression is insufficient to discover HCC initiation and progression \[[@b30-medscimonit-26-e920854],[@b31-medscimonit-26-e920854]\]. Construction of the molecular network as a whole appears to be a better strategy. In the future, we aim to construct the 4 hub genes signature in order to obtain better outcomes.

Conclusions
===========

In summary, using WGCNA and based on publicly available data in TCGA and NCBI GEO, we identified 4 genes (SOX4, STK39, TARBP1, and TDRKH) associated with HCC progression. Furthermore, the AUC curve suggested that the 4 genes have good power in diagnosing HCC. Mechanistically, immune infiltration and GSEA analysis indicated that the 4 genes may affect the immune cell populations infiltration to alter HCC progression through a variety of biological functions and pathways. We hope this predictive ability will contribute to future studies of liver cancer.

Supplementary Data
==================

###### 

Constructing the weighted gene co-expression network. (**A**) Analysis of the scale-free fit index and mean connectivity for various soft-thresholding powers. (**B**) Clustering dendrogram of DEGs.
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![Heatmap of correlation between modules and HCC stage. Each cell contains the specific correlation index and *P* value.](medscimonit-26-e920854-g001){#f1-medscimonit-26-e920854}

![Recognition of modules related to HCC and functional enrichment analysis. (**A**) Scatter plot of module eigengenes in blue module. The red vertical line means the threshold of module membership=0.8, the red horizontal line indicates the threshold of gene significances in pathologic stage=0.2. Genes on upper right were selected out. (**B**) KEGG pathway enrichment analysis of genes in blue module. (**C**) Gene ontology analysis of genes in blue module.](medscimonit-26-e920854-g002){#f2-medscimonit-26-e920854}

![Validation of expression of hub genes. (**A**) Expression profiles of indicated genes between tumor samples and adjacent tissue samples in TCGA database. (**B**) Expression profiles of indicated genes between tumor samples and normal samples in Oncomine database.](medscimonit-26-e920854-g003){#f3-medscimonit-26-e920854}

![Survival analysis and ROC curve AUC statistics of hub genes in TCGA database. (**A**) Survival analyses of hub genes in the TCGA data set. (**B**) ROC curve AUC statistics to assess the diagnostic efficiency of hub genes to identify HCC.](medscimonit-26-e920854-g004){#f4-medscimonit-26-e920854}

![Analysis of the correlation between expression of hub genes and immune infiltration level. (**A**) Unsupervised clustering from TCGA database using ssGSEA analysis. (**B**) The correlation index between expression of hub genes and immune infiltration level. Red/blue color represents positive/negative correlation, and the correlation index is reflected by the depth of the color.](medscimonit-26-e920854-g005){#f5-medscimonit-26-e920854}

![Gene set enrichment analysis (GSEA). (**A**) The top 4 representative functional gene sets enriched in liver cancer with SOX4 highly expressed. (**B**) The top 4 representative functional gene sets enriched in liver cancer with STK39 highly expressed. (**C**) The top 4 representative functional gene sets enriched in liver cancer with TARBP1 highly expressed. (**D**) The top 4 representative functional gene sets enriched in liver cancer with TDRKH highly expressed.](medscimonit-26-e920854-g006){#f6-medscimonit-26-e920854}

###### 

The number of genes in 8 constructed modules.

  Modules     Freq.
  ----------- -------
  Grey        734
  Turquoise   822
  Blue        820
  Brown       465
  Yellow      297
  Green       71
  Red         60
  Black       42

###### 

Univariate Cox PHR analyses of candidate hub genes in blue module in TCGA HCC cohort.

  Gene symbol   HR     95% CI        P value
  ------------- ------ ------------- ---------
  PFKP          1.30   (1.1--1.5)    0.0040
  SOX4          1.30   (1.1--1.6)    0.0009
  STK39         1.30   (1.1--1.6)    0.0008
  TARBP1        0.73   (0.54--1)     0.0304
  TDRKH         0.70   (0.5--0.98)   0.0132
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